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1. Implementation Details
Model Checkpoints

We initialized our system using publicly available pre-
trained models from the PointLLM [21] framework:
Language Model: Vicuna-7B-v1.5 (Imsys/vicuna-7b-
v1.5) [6]

Point Cloud Encoder: Point-BERT [23], pre-trained via
ULIP2 [22]

CLIP used for classification, grouping: OpenCLIP ViT-
L/14 backbone [18]

1.1. Training Hyperparameters

We detail the hyperparameters used for our two-stage train-
ing strategy in Table 1. All models were trained using the
AdamW optimizer with a cosine learning rate scheduler and
a warmup ratio of 0.03.

Table 1. Training Hyperparameters.

Parameter Phase 1 Phase 2
Feature Alignment Holistic Task-Mixture

Batch Size 16 14
Learning Rate 2e-3 2e-5
Weight Decay 0.0 0.0
Number of Epochs 3 3
LR Scheduler Cosine w/ Warmup Cosine w/ Warmup
Warmup Ratio 0.03 0.03
Trained Params Projector Projector, PIT block, LLM
Frozen Point Encoder Point Encoder
Params PIT block, LLM

Hardware

Training was conducted on 8 NVIDIA H200 GPUs (140GB
VRAM).

Training Time. The training process was completed in two
phases with the following durations: 70 minutes for fea-
ture alignment (Phase 1), 12 hours for Training on holistic
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mixture of datasets (MO3D, Shape Mating, Change Cap-
tioning).

2. Dataset Generation Details
2.1. MO3D Dataset

Data-Driven Category Definition. To ensure our bench-
mark covers diverse aspects of 3D objects, we established
six core categories through a two-stage process. First, we
prompted Qwen2-72B-Instruct [2] to identify common at-
tribute types from 70k samples of Objaverse-Cap3D [7, 15]
captions. Then, we manually grouped these outputs into
six semantically distinct and comprehensive categories, fol-
lowed by manual curation. These categories, detailed in
Table 4, form the foundation for our balanced generation
pipeline.

Table 2. Overall Statistics of the MO3D Dataset. The dataset
maintains a perfectly balanced distribution across the three core
tasks and a near-even split between positive and negative object
groupings.

Task Types Group Types
Total Samples Positional Comparative Holistic | Positive Negative
69,996 23,332 23,332 23,332 | 34,926 35,070
(100%) (33.3%) (33.3%) (33.3%) | (49.9%) (50.1%)

Group Formation Strategy. The foundation of each query
is a meaningful group of objects. We formulated these
groups based on the semantic similarity of captions from the
Objaverse-Cap3D corpus. To quantify similarity efficiently
at scale, we computed embeddings using a pre-trained CLIP
text encoder (ViT-L/14) [18] and leveraged Faiss [12] to
pre-compute and cache the top-50 nearest neighbors for ev-
ery object.

At generation time, we select an anchor object and n — 1
companions. We specifically focus on group sizes of n €
{2,3}. The inclusion of 3-object groups is a deliberate
design choice: a group of three is the minimal configura-
tion required to introduce complex relational concepts, such
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Figure 1. Category Distribution and Weighted Balancing. We transform the naturally occurring, unbalanced attribute distribution (left)
into a curated target distribution (middle). This process explicitly prioritizes geometric and structural categories (e.g., Geometry, Material)
while suppressing superficial visual cues (e.g., Color) to enforce 3D understanding. The stacked bars (right) verify that this balanced
distribution is consistently applied across all three task types: Positional, Comparative, and Holistic QA.

Table 3. Distribution of Question Categories. We compare
our design target weights with the actual distribution in the final
dataset. The resulting distribution closely matches our goal of pri-
oritizing geometric and structural comparison.

Category Target Weight  Actual Count (%)
Geometry / Structure 30% 21,264 (30.4%)
Material 20% 14,316 (20.5%)
Function 15% 10,578 (15.1%)
Taxonomy 15% 10,200 (14.6%)
Style / Aesthetics 15% 10,206 (14.6%)
Color 5% 3,432 (4.9%)

as identifying a semantic “outlier” or finding a “majority”
property, which are impossible with only pairwise compar-
isons. To ensure a balanced distribution of comparison sce-
narios, we employ a Dual Sampling strategy with specific
thresholds:

* Positive Sampling: Selects companion objects from the
anchor’s top-50 semantically similar neighbors. This re-
sults in groups with high conceptual overlap, suitable
for fine-grained comparison (e.g., distinguishing between
two different chairs).

* Negative Sampling: Selects companions from the pool
of items that do not appear in the anchor’s top-50 neigh-
bors. This produces groups with low conceptual overlap
for broader distinctions.

Finally, the sequence of selected objects is randomly shuf-
fled to ensure the task is order-invariant and to prevent the
model from learning positional biases.

Guided Question Generation. We use GPT-4 to gener-
ate QA pairs, inputting both the Cap3D captions and multi-
view renderings. To prevent hallucinations and ensure qual-

ity, we enforce a strict Prompt Hierarchy:

* Grounding Constraint (Highest Priority): All information
must be strictly visually grounded in the provided inputs.
Invented details are prohibited.

» Task-Specific Constraints : Each task type (e.g., geome-
try) enforces specific keywords (e.g., use “shape” instead
of ambiguous “feature”).

» Category Coverage: We use weighted balancing to target
specific categories, prioritizing geometric understanding
over simpler visual cues as shown in Figure 1. If a cat-
egory is not applicable (e.g., no color information), the
model falls back to a valid alternative.

The full prompt used for generation is provided in Figure 5.
Balance Correction. To mitigate linguistic priors (e.g., the
tendency to answer ”Yes”), we implement a post-hoc bal-
ance correction. We analyze the holistic subset and
identify any imbalance. We then regenerate a subset of sam-
ples using a constrained prompt that forces the generation
of a ”’No” question (e.g., asking about a property not shared
by the group), ensuring a near 50:50 distribution in the final
dataset.

Dataset Statistics. The final MO3D dataset consists of ap-

proximately 70k multi-object instruction-following exam-

ples. As detailed in Table 2, the dataset is perfectly bal-
anced across the three core tasks (Positional, Comparative,

Holistic), with each constituting exactly one-third of the

data. The object grouping strategies (Positive vs. Negative

sampling) are also balanced near 50:50 to ensure diverse
comparison scenarios. Furthermore, Table 3 demonstrates
that our weighted sampling strategy successfully aligned the
generated question categories with our target distribution,

prioritizing geometric and structural understanding (30.4%)

over simpler attributes like color (4.9%). We further analyze

the linguistic complexity in Table 5 and Figure 8.



Table 4. The six core reasoning categories curated from our data-driven analysis. We define each category and provide examples of the
raw, LLM-discovered themes that were merged into it.

Core Category

Description and Example Question Focus

Examples of Merged Raw Categories

geometry/structure The shape, size, number of parts, and struc- | shape, size, components, part,
tural complexity of an object. feature, features, detail, base,
e.g., “Does it have more than four legs?” form

taxonomy The general class, type, or identity of an ob- | objecttype, type, object_type,
ject. object, theme, category
e.g., “Is this object a piece of furniture?”

function The intended purpose, use, or action associ- | function, action, purpose, usage,
ated with an object. activity
e.g., “What is this object used for?”

material The physical substance an object is made of. | material, substance, composition
This is distinct from color.
e.g., “Is the frame made of metal or wood?”

style/aesthetics The visual style, era, pattern, decoration, or | style, decoration, pattern,
contextual setting of an object. design, era, location, context
e.g., “Does this object have a writing on the
surface?”

color The surface color or hue of an object or its | color, hue, finish

parts.
e.g., “Is the main color of the object brown?”

Data Reliability and Intrinsic Ambiguity. To rigorously
validate the reliability of the MO3D dataset, we conducted
a human audit on 500 randomly sampled QA pairs from the
test set. Three independent annotators evaluated each pair,
achieving a strong unanimous agreement rate of 81.0%.
Through this audit, we found that the remaining disagree-
ments did not stem from incorrect ground truths, but rather
from the intrinsic ambiguity of 3D object interpretation. As
illustrated in Figure 2, subjective perceptions of highly ab-
stract shapes or partial occlusions naturally lead to divergent
valid interpretations among humans. This highlights the in-
herent complexity of 3D relational tasks compared to stan-
dard 2D QA. Crucially, when evaluated on this high-quality
unanimous subset, our model achieves an average accuracy
of 59.2% across the MO3D tasks, closely aligning with our
57.3% average on the full test set. This verifies that intrinsic
ambiguities do not artificially distort the evaluation metrics.

Comparative:
The third object
is a building
with multiple
stairs.

Positional:
The first object has a
hand-shaped outline.

Figure 2. Intrinsic Ambiguity. Disagreements in human verification
often arise from subjective perception (e.g. abstract shapes or occlusions)

Table 5. Linguistic Complexity Statistics. We report the aver-
age and maximum length in words for instructions and responses.
Shape Mating features long responses due to the requirement of
geometric rationales.

Instruction Response

Dataset Task Type Mean Max | Mean Max
Positional 10.8 21 10.0 25
MO3D Comparative | 13.3 30 18.1 33
Holistic 9.9 18 12.8 31

Shape Mating  Selection 31.8 34 73.5 130
Verify 64.3 191 254 83
Change Cap. 1 168 18 | 256 96

2.2. Mini-App A: Shape Mating Details

Data Construction and Sampling. We source base 3D
meshes from the Thingil0K dataset [24] and generate mat-
ing pairs using the cut shell operation from Neural
Shape Mating [5]. We utilize five distinct cut geometries:
Planar, Sine, Square, Pulse, and Parabolic. Crucially, we
selected the cut shell operation to ensure domain con-
sistency with our point cloud encoder, Point-BERT [23].
Since Point-BERT is pre-trained solely on object surface
points rather than interior cross-sections, the introduction
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Figure 3. Point cloud generation pipeline for Shape Mating.
Starting from a raw mesh (Left), we apply the cut shell oper-
ation to split the object into two complementary halves (Middle).
Unlike solid cuts, this operation preserves the hollow, surface-only
structure of the object. Finally, each part is uniformly sampled into
8,192 points (Right) to serve as the input for our model.

of artificial flat cut-faces inherent to solid cutting methods
would result in a domain gap. Consequently, we utilize the
cut shell method to preserve the surface-shell charac-
teristic, thereby aligning the input distribution with the pre-
training regime of the encoder. Finally, we perform uniform
random sampling on the mesh surface to generate dense
point clouds of 8,192 points per part (Figure 3), capturing
the fine-grained geometric details required for the mating
task.

To strictly enforce the 4-choice classification task, we
employ a targeted sampling logic for scene composition.
For I-Mate (Positive) scenarios, we randomly select a valid
ground-truth pair (Part A and Part B from the same instance)
and sample a third ”decoy” part. This decoy is carefully
selected to be non-mating due to specific reasons, such as
originating from a different object, a different cut type, or
a different cut position (Phase Mismatch), and its position
is randomized. For 0-Mate (Negative) scenarios, we sam-
ple three parts such that no combination forms a valid pair,
acting as a hard negative that forces the model to verify all
possible connections.

Question and Rationale Formulation. We construct the
QA pairs using a two-step process to ensure both linguis-
tic diversity and geometric grounding. First, for the ques-
tion component, we employ a set of 15 distinct templates
(detailed in Table 12) to ensure consistent task formulation
while providing linguistic variety. These templates explic-
itly list the four options and mandate a reasoning-based re-

Triplet group Triplet group
Anchor

Negative

Negative

Has handles Modern looking

Has enclosed seat

Globe Shaped

Looks like a tea kettle

Has a smaller mouth

Figure 4. Hard Negative Sampling for Change Captioning. We
construct contrastive triplets where the Negative candidate (red
captions) is not random, but a “hard negative” sharing the same
source Anchor as the Positive target (green captions). This Neg-
ative sample is crucial for the Verification task to generate chal-
lenging “No” instances

sponse. Second, for the rationale component, we train the

model to explain why a pair does not mate by automati-

cally assigning structured error tags to non-mating pairs.

We then use GPT-40-mini to paraphrase these tags into nat-

ural language justifications. The full prompt used for this

paraphrasing is provided in Figure 6. The error types are
defined as follows:

* cut mismatch indicates that the two parts possess dis-
parate cut interfaces, such as a planar surface versus a
sinusoidal one.

* object mismatch signifies that although the parts share the
same cut type, they originate from distinct source objects
and thus do not align globally.

* phase mismatch occurs when parts share the same object

and cut geometry but are derived from different cut in-

stances or positions, preventing an exact fit.

same side denotes topological incompatibility, where the

selected parts represent the same side of the object, such

as two “Part A” components.

Dataset Statistics. We provide a detailed analysis of lin-

guistic complexity in Table 5 and visualize the length dis-

tributions in Figure 9. As shown in the table, Shape Mating
involves particularly long responses due to the requirement
for detailed geometric reasoning.

2.3. Mini-App B: Change Captioning Details

Data Construction and Sampling. We construct this
benchmark using the ShapeNet subset of the ShapeTalk
dataset [1]. The core unit is a contrastive triplet consist-
ing of an Anchor, a Positive, and a Negative point cloud,
paired with an Instruction. We employ a strict Hard Nega-
tive Sampling strategy to ensure difficulty, as illustrated in
Figure 4. For a given Anchor-Positive pair (e.g., “thinner
back”), we prioritize sampling a Negative shape that shares
the same Anchor but corresponds to a different edit instruc-
tion (e.g., “thicker seat”). This forces the model to ground
the specific semantic details of the instruction, rather than



relying on coarse object recognition. If no such hard nega-
tive exists, we fall back to a random object from the same
semantic class.

Question and Rationale Formulation. We transform the
raw triplet data into model inputs using standardized tem-
plates. As detailed in Table 13, we employ distinct template
sets for each task to ensure consistent definition while in-
troducing phrasing variety. To ensure high-quality linguis-
tic output, we employ GPT-4o-mini for both tasks. For the
Verification task, we explicitly randomize the input order
of the Anchor and Candidate point clouds to prevent the
model from memorizing positional cues (e.g., assuming the
answer is always the second object). We used GPT-4o-mini
to construct a natural language rationale based on the origi-
nal instruction associated with the Positive/Negative object.
For the Delta Captioning task, we similarly use GPT-4o-
mini to paraphrase and consolidate multiple raw utterances
into a single, fluent description.

Dataset Statistics. We report the linguistic complexity in
Table 5. Notably, the Verification task has the longest av-
erage instruction length of 64.3 words because the input
explicitly includes the full list of geometric requirements
(from the instruction) that the model must check.

2.4. Data Splitting

Across all our benchmarks (MO3D dataset, Shape Mating,
and Change Captioning), we employ a strict leakage-free
splitting strategy to ensure rigorous evaluation, as simple
random splitting is insufficient when 3D assets share under-
lying geometries or appear in multiple grouping scenarios.
To prevent data leakage, we utilize a graph-based approach
where every unique 3D asset is represented as a node, and
edges are drawn between nodes if they appear together in
the same sample (e.g., within a triplet) or share the same
source object. We then compute the connected components
of this graph and atomically assign entire components to a
single split (Train or Test). This methodology guarantees
that no object instance, nor any of its co-occurring or geo-
metrically related variants, ever leaks across splits, ensuring
that our evaluation measures true generalization rather than
memorization.

3. Additional Ablation Studies

3.1. Baselines & Input Format Fairness

To ensure a fair comparison across fundamentally different
architectures, we carefully designed modality-specific input
formatting strategies:

Object-Centric 3D-LLLMs: Models like PointLLM and
ShapeLLM natively accept a single point cloud. For our
multi-object tasks, we implement a concatenation with sep-
aration strategy. Each object’s point cloud is individually
normalized into a unit sphere, and then translated along

Table 6. Additional results on MO3D: scene-level and text-only
baselines.

Model ‘ Pos. Comp. Hol. (B) Hol. (R)
Chat-Scene 10.8 3.0 49.7 31.6

Scene-level LL3DA (Click) 17.8 45 48.8 26.5
LL3DA (Bbox) 182 29 48.8 25.9

Text-only  Vicuna-7B (GT captions) \ 52.0 289 70.5 50.3

Ours (Multi-3DLLM) ‘ 56.3 33.8 81.7 57.2

a single axis (e.g., the x-axis) with a fixed margin. This
preserves the intrinsic local geometry of each object while
keeping them spatially distinct within a single 8,192-point
input limit.

Scene-Level Models: We evaluated scene-level models, in-
cluding Chat-Scene [1 1] and LL3DA [4]. Since these mod-
els are designed to extract objects from a full scene con-
text, we provided them with the explicit centroid coordi-
nates (click) or bounding boxes (BBox) of the target objects,
mapping ordinal textual queries (e.g., “the first object”) to
their corresponding spatial prompts. As shown in Table 6,
despite this explicit localization, these models severely un-
derperformed on MO3D and Shape Mating. This confirms
our architectural finding: their object-level token pooling
smooths out the fine-grained local geometry required for
detailed comparison.

Text-Only Baseline (Language Bias): To isolate the con-
tribution of 3D geometric reasoning from linguistic pri-
ors, we evaluated a text-only baseline using Vicuna-7B (Ta-
ble 6). We provided the model with the ground-truth Cap3D
text descriptions instead of visual inputs. The text-only
model achieved scores on MO3D of 52.0 (Positional M),
28.9 (Comparative M), 70.5 (Holistic B), and 50.3 (Holis-
tic R). While these scores demonstrate that the ground-
truth captions offer a very strong semantic prior, our Multi-
3DLLM consistently outperforms this text-only baseline
across all metrics (e.g., 56.3 on Positional, 33.8 on Com-
parative). This confirms that our model’s gains stem from
genuine 3D geometry processing rather than merely exploit-
ing language biases.

3.2. Architectural Ablation: Interaction Mechanics

Motivation. In the main paper, we demonstrated that the

Object-Level interaction fails on geometric tasks. To fur-

ther investigate whether this failure stems from the loss of

salient features (due to mean pooling) or the loss of spatial
resolution (due to object-wise broadcasting), we evaluate
two additional architectural variants.

Variants.

* Object-Level (Max Pooling): Similar to the mean-
pooling baseline, this variant aggregates object tokens
into a single vector. However, it uses max-pooling to
capture the most salient features (e.g., sharp corners or



handles) across the patch tokens. The updated residual is
then broadcast uniformly to all patches of the object. This
tests if preserving salient features is sufficient for geomet-
ric reasoning.

* Micro-Token Interaction: This variant operates at an in-
termediate granularity. Instead of collapsing an object
into a single vector, we compress the object’s patch to-
kens into M = 32 representative “micro-tokens” inspired
by OM-Pooling from [20]. This is achieved by aggre-
gating patch tokens into distinct clusters based on feature
similarity, thereby reducing redundancy while preserving
diverse local features. The interaction module processes
these micro-tokens, and the update is redistributed to the
original patches via a cross-attention mechanism, allow-
ing for spatially varying updates.

Results and analysis The results in Table 7 offer a nu-

anced and critical insight. On the semantic comparison

tasks (MO3D), both Object-Level (Max) and Micro-Token
variants perform exceptionally well, slightly surpassing our
model with PIT block (Hereafter PIT model). This suggests
that for high-level semantic comparison, capturing salient
features via max-pooling or representative tokens is suffi-
cient. However, the results on Shape Mating reveal a fun-
damental limitation of these aggregation-based approaches.
Both Object-Level (Max) and Micro-Token fail on this geo-
metric task, scoring 23.9 and 24.5 on Selection (S), respec-
tively. These scores are not only far below our PIT model
but also worse than the No-Interaction baseline. This con-
firms that the failure of object-level models is not due to the
pooling operation but stems from the architectural bottle-
neck of compressing local geometry into object-wise slots.

Even with 32 micro-tokens, the spatial correspondence re-

quired for mating is lost.

3.3. Training Strategy

Motivation and Setup. Our training framework adopts a
two-stage strategy. Phase I (Feature Alignment) follows
the PointLLM methodology [21], training only the projector
on the 660K brief-description instructions from Objaverse-
Cap3D to align point cloud features with the LLM’s em-
bedding space. This is followed by Phase 2 (Holistic Task-
Mixture), which fine-tunes the Projector, PIT block, and
LLM (while keeping the point encoder frozen) on our pro-
posed benchmarks.

A natural question is whether Phase 1 is redundant: can
the model learn to align modalities and reason about ge-
ometry simultaneously? To investigate this, we evaluate a
1-Stage variant. In this setting, we initialize the projector
randomly and train the full model (Encoder, Projector, and
LLM) directly on the holistic data mixture. We compare
this against our standard 2-Stage approach.

Results and Analysis. The results in Table 9 reveal a crit-
ical trade-off between task-specific optimization and gen-

eral reasoning capability. Interestingly, for our PIT model,
the /-Stage approach yields surprisingly high scores on the
Mini-Applications. It achieves a Selection score of 66.6 on
Shape Mating and a Delta Captioning score of 56.0. How-
ever, this comes at a severe cost: performance on the main
MO3D benchmark drops significantly. Specifically, the Po-
sitional score falls from 56.3 to 47.6, and the Comparative
score decreases from 33.8 to 24.5. This suggests that with-
out the initial alignment of Phase 1, the powerful PIT archi-
tecture tends to overfit to the specific templates and biases of
the narrower Mini-App tasks, effectively becoming a task-
specific specialist at the expense of general understanding.
The I-Stage model learns to exploit the limited linguistic
patterns of Shape Mating but fails to ground the diverse,
open-ended concepts required for MO3D. In contrast, the
2-Stage approach ensures that the model is first grounded
in a broad 3D-text semantic space. This pre-alignment acts
as a necessary foundation, preventing the model from col-
lapsing into task-specific shortcuts and enabling the robust,
generalized comparison capabilities shown in the MO3D re-
sults. Thus, Phase 1 is essential for training a true generalist
3D-LLM.

3.4. Robustness to Object Count (Scaling to 4-5
Objects)

While our standard dataset focuses on n € {2, 3} to main-
tain high token density for fine-grained geometric tasks, we
investigated zero-shot extensions to scenes with 4 or 5 ob-
jects on the MO3D positional QA task. We evaluated two
approaches:

Naive Scaling. When forcing n = 4 or 5 objects via Micro-
Token compression to fit within the same fixed token bud-
get, performance naturally drops on queries referencing the
4th or 5th objects (falling to 32% and 14%, respectively),
indicating out-of-distribution difficulty and loss of fidelity.
Test-Time Coarse-to-Fine. Since many queries depend
only on a small subset of objects, we apply a training-free,
inference-time filtering strategy: (i) we extract referenced
objects from the question via ordinal terms, (ii) add top-2
candidates using lightweight retrieval using CLIP [18], and
(iii) remap the ordinals to this filtered subset before running
Multi-3DLLM. This procedure successfully recovers rea-
soning capabilities, achieving 50% and 51% accuracy on
4-object and 5-object positional queries, respectively. This
demonstrates a viable path for computation-efficient scaling
despite LLM context limits.

4. Advanced Analysis on Shape Mating

4.1. Impact of Two-Turn Conversational Reasoning

In the main paper (Table 1), we employed a strict single-turn
generation protocol for the Shape Mating task. The model
was required to output both the pair selection and a detailed



Table 7. Extended ablation on interaction mechanics. We compare different pooling strategies (Mean vs. Max) and granularities (Object
vs. Micro vs. Patch). Micro-Token uses 32 representative tokens per object. w/ PIT uses full patch-level interaction.

\ MO3D | Shape Mating | Change Captioning

Interaction Mechanism | Positional (%) | Comparative (%) | Holistic (%) | Selection (%) | Verify (%) | Delta Caption (%)
M M B R S R B R M

No-Interaction (w/o PIT) 45.5 21.8 81.3 53.0 | 344 36.7 49.1 37.1 48.0
Object-Level (Mean) 52.9 32.3 81.0 49.7 | 25.0 23.7 51.7 34.7 49.6
Object-Level (Max) 56.6 36.5 81.3 451 | 239 22.5 509 372 50.0
Micro-Token (M = 32) 56.9 35.3 80.1 44.0 | 245 21.8 50.6 34.6 50.0
w/ PIT | 56.3 33.8 \ 81.7 572 | 37.1 36.8 \ 512 373 | 51.0

geometric rationale in a single response (e.g., “(1,3). Pair

(1,3) can mate because...”). Under this constrained setting,

Multi-3DLLM achieved a Selection accuracy of 37.1%.
However, forcing a combined output creates a well-

known objective imbalance during training. The Cross-

Entropy (CE) loss becomes dominated by the long, gen-

erative rationale tokens, which inadvertently penalizes the

short, categorical selection tokens. To mitigate this, we

evaluated the model using a two-turn conversational (2-

chat) approach, inspired by the multi-turn capabilities of

standard 3D-LLMs like PointLLM [21]. The task is decou-
pled as follows:

e Turn 1 (Selection): The user asks, “Which pairs can
mate? select one that applies.” The model responds
strictly with the selection, e.g., “(1,3)”.

e Turn 2 (Reasoning): The user follows up with, “Explain
why.” The model then generates the geometric rationale.

By decoupling the objective, the model can dedicate its full
attention to the geometric matching in the first turn without
the loss being diluted by the generation of long explana-
tions. We utilize this optimized two-turn protocol to explore
the model’s real-world robustness in the following transfer
experiments.

4.2. Transfer to Real-World Scans

To demonstrate that Shape Mating is not merely a synthetic
procedural task, we evaluated the zero-shot transfer capabil-
ity of our model on real-world scanned datasets: ScanOb-
jectNN and OmniObject3D.

A critical challenge in real-world transfer is the point
density gap. Real-world scans often have severe point lim-
itations (e.g., ScanObjectNN is limited to ~2048 points),
creating a density bottleneck when fed into an encoder pre-
trained on 8,192 points. To match point densities, we aug-
mented the evaluation with OmniObject3D.

Using the highly effective Two-Turn Conversational
prompt described above, we present the real-world trans-
fer results in Table 8. When point densities are properly
matched, our model achieves a viable zero-shot selection
accuracy of 36.3% (well above the 25% chance level). Fur-

Table 8. Results on real-world scanned datasets. Metric is Se-
lection Accuracy (S, %) following the main paper. Chance rate is
25% for both.

Model ScanObjectNN (Real) OmniObject3D (Real)
LLaVA-7B (Zero-shot) 21.6 26.0
Ours (Zero-shot) 29.0 36.3
Ours (Fine-tune) 48.0 62.0

thermore, with a brief fine-tuning on just 5K real-world
samples, the performance surges to 62.0%. In stark con-
trast, the 2D-VLM baseline (LLaVA-7B) remains entirely
at chance-level (~25%) across all settings. This confirms
that the Shape Mating task fundamentally preserves its
geometry-centric nature across domain shifts, and our ar-
chitecture maintains its robustness in real-world scenarios.

5. Evaluation Details

5.1. LLM-based Evaluation Prompts

To ensure a robust and semantic assessment, we utilize
GPT-40-mini as our primary evaluator. Unlike rigid n-gram
metrics, this LLM-based judge can discern semantic equiv-
alence and validate reasoning logic. We employ specific
prompts for each metric type, as detailed below and illus-
trated in Figure 11.

Semantic Accuracy (M) for MO3D. For open-ended ques-
tions in MO3D, exact string matching is insufficient. Our
evaluation prompt instructs the judge to rate a response as
Correct (1) or Incorrect (0). Crucially, this metric incor-
porates Visual Grounding. The evaluator is provided with
both the ground-truth text and the multi-view images of the
point clouds. It is instructed to accept the model’s answer
if it: (1) matches the ground truth semantically, or (2) pro-
vides a valid alternative description that is clearly supported
by the visual evidence in the images, even if it differs from
the text.

Semantic Accuracy (M) for Delta Captioning. For the
Change Captioning (Delta) task, a binary score is too
coarse. We employ a 10-point scale prompt. The evalua-



Table 9. Ablation on training stages across architectures. We compare the /-Stage and 2-Stage (Alignment — Holistic Tuning) strategies for
both the No-Interaction baseline and full model w/ PIT. The results investigate whether the initial feature alignment (Phase 1) is universally

beneficial or specifically critical for our patch-interaction mechanism.

\ MO3D | Shape Mating | Change Captioning
Model & Training Strategy ‘ Posntlonal (%) ‘ Comparative (%) ‘ Holistic (%) ‘ Selection (%) ‘ Verify (%) ‘ Delta Caption (%)
M M
No-Interaction (1-Stage) 47.6 21.0 78.9 419 | 238 22.0 49.1 394 42.0
No-Interaction (2-Stage) 45.5 21.8 81.3 530 | 344 36.7 49.1 37.1 48.0
w/ PIT (1-Stage) 47.6 24.5 ‘ 78.9 44.8 | 66.6 64.1 50.3 384 56.0
w/ PIT (2-Stage) 56.3 33.8 81.7 572 | 37.1 36.8 51.2 373 51.0

tor decomposes the ground-truth edit instruction into atomic
components (e.g., “thicker legs”, “higher back’) and grades
the generated description based on the recall of these com-
ponents. Contradictions (e.g., describing “thinner legs”
when the truth is thicker”) result in an immediate score
of 0.

Reasoning Accuracy (R). For tasks requiring justification
(Shape Mating, Change Captioning, and MO3D Holistic),
we evaluate the quality of the “Why” output. The prompt
provides the judge with the context (objects/instruction), the
model’s selected answer, and its reasoning. The judge as-
signs a score of 1 only if the reasoning is logically sound,
factually consistent with the ground truth answer.
Validation of the LLM Judge. To ensure the LLM metric
is a reliable proxy for semantic evaluation, we conducted
a human audit (3 people) of 300 randomly selected LLM-
judged responses. The LLM’s decisions achieved 91.0%
unanimous human support (and 98.0% with at least one hu-
man vote). This confirms that our evaluation protocol accu-
rately reflects human judgment in assessing 3D geometric
descriptions and reasoning.

5.2. Standard NLP Metrics

We report standard NLP metrics BLEU-4 [16], ROUGE-
L [9, 13], METEOR [3], SimCSE [10] for all genera-
tive tasks. Table 11 presents the results for the Mini-
Applications (Change Captioning and Shape Mating), and
Table 10 presents the results for the MO3D dataset. For 2D-
VLMs, scores are explicitly reported for both 1-view and
2-view settings.

Analysis of Metric Discrepancies. We observe instances
where standard NLP metrics diverge from our semantic
evaluators. For example, in Shape Mating, 2D-VLMs
achieve high SimCSE scores (e.g., LLaVA: 67.65) despite
near-zero Selection accuracy. This indicates “hallucinated
fluency”: generating plausible-sounding but geometrically
incorrect text. Similarly, in MO3D Positional, the w/o PIT
baseline slightly edges out full Multi-3DLLM on BLEU-4,
yet fails significantly on Semantic Accuracy (M). This sug-
gests the baseline relies on memorizing safe linguistic pat-

terns, whereas our model generates more diverse, geometri-
cally grounded descriptions that differ from the ground truth
text but are verified as correct by the LLM judge. These dis-
crepancies underscore the necessity of our proposed LLM-
based metrics for accurate benchmarking.

6. Additional Qualitative Results

We provide extensive qualitative examples to visually
demonstrate the capabilities and limitations of our model
compared to state-of-the-art baselines.

Comparison on MO3D (Main Task). Figures 12 to 16
(Examples 1-5) present results comparisons on the MO3D
benchmark.

Performance on Mini-Applications. Figures 17 to 20
(Examples 6-9) showcase results on the application-driven
benchmarks.



Table 10. Standard NLP Metrics for MO3D. Detailed scores for Positional, Comparative, and Holistic QA tasks. SimCSE scores evaluate
semantic similarity.

Model Positional QA Comparative QA Holistic QA

B-47 R-Lt METt Simt | B4t R-Lt MET{ Simf | B-4t R-Lt MET{ Simt
LLaVA (1-view) 23.97 4984 4743 6231 | 397 2648 28.66 58.46 | 2.19 20.03 23.05 57.68
LLaVA (2-view) 23.79 4955 4748 61.62 | 359 26.18 27.52 58.16 | 229 2032 2351 58.19
Molmo (1-view) 388 2427 3126 55.04 | 335 2126 27.87 6321 | 1.01 1515 1992 5422
Molmo (2-view) 340 2420 3070 55.06 | 3.40 2123 2743 6279 | 099 1492 19.17 5347
MiniGPT-3D 1599 44.01 5036 63.04 | 13.73 4201 4052 6459 | 420 2438 2428 5846
PointLLM 29.95 5560 5222 64.65 | 16.06 4375 4177 64.13 | 3.60 2132 2197 61.26
ShapeLLM 31.08 56.67 53.86 63.77 | 2423 49.68 4856 7143 | 425 20.85 20.76 62.82
Multi-3DLLM (w/o PIT) | 46.83 69.52 66.44 79.56 | 40.74 62.06 6296 80.14 | 26.87 52.34 49.84 76.22
Multi-3DLLM (Ours) 4554 6895 66.59 78.32 | 40.99 62.83 63.38 79.72 | 22.79 49.25 4740 7452

Table 11. Standard NLP Metrics for Mini-Applications. Detailed scores for Shape Mating, Change Captioning (Verify), and Change
Captioning (Delta).

Model Shape Mating Change Captioning (Verify) Change Captioning (Delta)
B-4t R-Lt MET? Simt | B-4t R-Lt MET?T Sim? | B-47 R-Lt MET{ Simf
LLaVA (1-view) 1.17 2199 1531 6748 | 453 30.05 2357 5627 | 358 2669 19.85 55.86
LLaVA (2-view) 1.17 2223 1542 67.81 | 452 2851 2276 5539 | 333 2626 18.77 56.28
Molmo (1-view) 259 2466 20.60 5778 | 198 21.11 2429 5584 | 1.52 1826 2149 5271
Molmo (2-view) 285 2326 2060 6045 | 2.02 2150 2477 5576 | 149 1824 21.73 5278
MiniGPT-3D 191 1493 1578 4586 | 2.60 22.12 1587 4547 | 098 1195 7.76 33.75
PointLLM 1.13  13.04 12,61 4274 | 176 1422 13.62 3829 | 0.72 1190 888  39.90
ShapeLLM 1.73 1658 1347 4370 | 1.33 9.60 1044 23.68 | 1.23 1509 1392 4821
Multi-3DLLM (w/o PIT) | 16.28 31.43  28.19 53.28 | 1040 34.67 2920 55.66 | 500 2598 24.14 68.42
Multi-3DLLM (Ours) 16.65 31.40 2837 53.23 | 12.47 37.67 30.76 57.62 | 5.02 26.59 2398 67.60




System Prompt for MO3D QA Generation

You are an AI assistant creating a high-quality dataset for a 3D vision-language
model. Your task is to generate question{answer pairs for three task types
(positional, comparative, holistic) based on the object descriptions below. (and
supplementary multi-view images when available). Use visual evidence as the primary
source for visual attributes. Use descriptions to supplement non-visual semantics.
When images contradict the descriptions on visual attributes, trust the images. Do
not claim uniqueness from omission in descriptions; verify across images.

Input Context: [Object Descriptions & Multi-view Images]

CRITICAL INSTRUCTIONS:

Produce exactly two distinct question{answer pairs for each task type.

Answers must be direct, factual statements grounded in the images.

Do NOT use object category nouns; instead refer to \the first object", etc.

Do NOT use spatial relations (left/right/front/behind).

Comparative QA must emphasize structural or functional differences.

Holistic QA must include one \Yes" and one \No" answer.

MANDATORY Category-Specific Questions: All questions must explicitly reference
the target category (e.g., {target_category}). The question text must use the
category’s REQUIRED KEYWORDS to avoid ambiguity.

REQUIRED KEYWORDS (Excerpt):

o U W N

—-— Geometry / Structure: MUST use: \shape", \form", \geometric", \structural
design" FORBIDDEN: \feature", \property", \appearance"
-— Material: MUST use: \material", \made of", \constructed from" FORBIDDEN:

\feature", \property", \what is X"
—-— [Additional mandatory keyword rules for: Color, Function, Taxonomy,
Style/Aesthetics]

8. Within each task, the two variants must rely on different properties.
9. Do NOT assume a property is unique unless the images clearly show uniqueness.
10. For positional questions referencing a \unique" feature, ensure exactly one object
has that feature.

Task Definitions:

—-— positional_ga: Question about one object’s attribute.

—-— comparative_ga: Question comparing structural or functional aspects.

—— holistic_ga: Question about a property shared (or not shared) by all objects.

Figure 5. System Prompt for MO3D QA Generation. To ensure high-quality, non-ambiguous questions, we enforce strict keyword
constraints (Instruction 7) for each target category. For readability, we list representative keywords for the "Geometry” and "Material”
categories; identical constraint logic is applied to the other categories (Color, Function, Taxonomy, Style).



System Prompt for Shape Mating Rationale Paraphrasing

You are rewriting rationales for a 3D part mating QA dataset. Three interface parts
are labeled (1), (2), and (3). The correct mating pair list must remain [Answer
List]. The canonical rationales are: [Canonical Rationales]
Task: Paraphrase each rationale in fresh wording while keeping the facts.
Guidelines:
1. Preserve the logical meaning of every rationale.
2. Mention complementary vs. conflicting geometry explicitly.
3. Keep each entry to one or two sentences. Vary phrasing in a [Style Hint] style.
4. Do not introduce new geometry details or contradict the canonical text.
5. Return JSON only, with keys ’answer’ and ’'why’.

* "answer’ must be the same list of mating pairs.

* 'why’ must map each pair key to your rewritten rationale.
6. Use the exact keys 7 (1,2)", "(1,3)’, "(2,3)".
7. No code fences, no additional commentary.

Figure 6. Full Prompt for Shape Mating Rationale Generation. We utilize GPT-40-mini to convert structured error tags (e.g.,
cut_mismatch) into natural language explanations.

Templates for Change Captioning Tasks

Task 1: Verification (Binary Classification)

Input: Anchor Point Cloud (P4), Candidate Point Cloud (P¢), Instruction (I)
Randomization: The order of input point clouds (Pa,Pc) is randomized.

[Template A: Anchor is First]

Input: <point> (P4) <point> (Pc¢)

Q: Does the second object satisfy all of the following requirements compared to the
first object?

Requirements: - [Instruction]

[Template B: Anchor is Second]

Input: <point> (P¢) <point> (Pa)

Q: Does the first object satisfy all of the following requirements compared to the
second object?

Requirements: - [Instruction]

Task 2: Delta Captioning (Generative)

Input: Anchor Point Cloud (Pa), Positive Point Cloud (Pp)
Goal: Generate a description of the geometric edit.

[Templates (Randomly Selected) ]

* How would you transform the first object so that it matches the second object?

* Describe the edits needed to convert the first object into the second.

e What modifications should be applied to the first object to obtain the second?

* List the geometric adjustments required to turn the first object into the second.

Figure 7. Prompt Templates for Change Captioning. We utilize a set of diverse templates for the Delta Captioning task. For the
Verification task, we explicitly randomize the input order of the anchor and candidate objects and adjust the question wording (“first” vs
”second” object) accordingly to prevent positional bias.



Table 12. Instruction Templates for Shape Mating. We utilize 15 variations of the prompt to train the model, ensuring robustness to
phrasing while maintaining a consistent task definition (Selection + Explanation).

Template Variations

* Which pairs can mate? select one that applies.
Options: (1,2), (1,3), (2,3), None
Explain why each chosen pair can mate and why others cannot.

* Identify which pairs can mate. Choose the applicable option.
Options: (1,2), (1,3), (2,3), None
Provide explanations for why each selected pair can mate and why the others cannot.

* Determine which pairs are able to mate. select one that applies.
Options: (1,2), (1,3), (2,3), None
Explain the reasoning for each pair that can mate and why the remaining pairs cannot.

* Find the pairs that can mate together. Select the applicable option.
Options: (1,2), (1,3), (2,3), None
Describe why each chosen pair can mate and explain why the other pairs cannot.

* Which pairs can successfully mate? select one that applies.
Options: (1,2), (1,3), (2,3), None
Explain why each selected pair can mate and provide reasons why the others cannot.

* Determine all pairs that are capable of mating. Select the applicable options.
Options: (1,2), (1,3), (2,3), None
Provide explanations for why each selected pair can mate and why others cannot.

* Which pairs can mate with each other? select one that applies.
Options: (1,2), (1,3), (2,3), None
Explain why each chosen pair can mate and describe why the other pairs cannot.

* What pairs are able to mate? select one that applies.
Options: (1,2), (1,3), (2,3), None
Explain why each selected pair can mate and justify why the other pairs cannot.

* Find all pairs that can mate. Choose applicable option.
Options: (1,2), (1,3), (2,3), None
Describe why each chosen pair can mate and explain why the remaining pairs cannot.

* Which pairs can be mated together? select one that applies.
Options: (1,2), (1,3), (2,3), None
Explain why each selected pair can mate and provide reasoning for why others cannot.

* Identify the pairs that can mate. Choose the applicable option.
Options: (1,2), (1,3), (2,3), None
Explain why each chosen pair can mate and describe why the other pairs cannot.

* Determine which pairs are compatible for mating. select one that applies.
Options: (1,2), (1,3), (2,3), None
Provide explanations for why each selected pair can mate and why the remaining pairs cannot.

* What pairs can successfully mate? select one that applies.
Options: (1,2), (1,3), (2,3), None
Explain why each chosen pair can mate and justify why others cannot.

* Which pairs are capable of mating? select one that applies.
Options: (1,2), (1,3), (2,3), None
Explain why each selected pair can mate and provide reasons why the other pairs cannot.




Table 13. Instruction Templates for Change Captioning. We use distinct template sets for the Verification and Delta Captioning tasks.
For Verification, we explicitly randomize the object order (Anchor first vs. second) to prevent positional bias.

Task Type Template Variations

Verification e (Condition: Anchor is First object):
Does the second object satisfy all of the following requirements compared to the first object?
Requirements: - [Instruction]
¢ (Condition: Anchor is Second object):
Does the first object satisfy all of the following requirements compared to the second object?
Requirements: - [Instruction]

Delta Captioning * How would you transform the first object so that it matches the second object?
* Describe the edits needed to convert the first object into the second.
* What modifications should be applied to the first object to obtain the second?
* List the geometric adjustments required to turn the first object into the second.
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Figure 8. Distribution of instruction and response lengths in MO3D dataset.
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LLM Evaluation Prompts (GPT-40-mini)

[Metric M: Semantic Accuracy for MO3D]

System: You are an impartial grader for a 3D-QA benchmark with multi-view image

evidence.

CRITICAL: The images are the PRIMARY source of truth. Ground-truth text is a

reference.

Criteria:

1. Accept the answer if it matches the ground-truth text semantically.

2. Accept the answer if it reasonably describes what is visible in the images, even if
it differs from the ground-truth text (e.g., specific material/shape details).

3. Only reject if the answer clearly contradicts what is visible in ALL provided
images.

Output JSON: {"score": 1 or 0, "reason": "..."}

[Metric M: Delta Captioning Score (10-point scale)]

System: Evaluate the model’s description of geometric changes using a 10-point scale.
Instructions:

1. Break down the ground truth into individual geometric modification items.

2. Check how many items are captured by the model.

3. If the model contradicts any item, return M=0.
4

Score based on coverage: 10 (All items correct), 7-9 (Most correct), 4-6 (Half
correct), 1-3 (Few correct), 0 (Contradiction/None).
Output JSON: {"M": 0-10, "reason": "..."}

[Metric R: Reasoning Accuracy]

System: Evaluate whether the model’s reasoning is factually consistent with the
requirements and ground truth.

Criteria:

e Is the reasoning logically sound?

e Does it correctly justify the selected answer/conclusion?

Output JSON: {"R": 1 or 0, "reason": "..."}

Figure 11. System Prompts for Evaluation. We use specific prompts for different metric types. For MO3D (Top), the evaluator is
explicitly instructed to prioritize visual evidence from multi-view renderings over text labels to handle valid open-ended descriptions.



Example 1: Positional Understanding

Input order —) R

Question: What is the geometric shape of the third object?
Ground Truth: The third object has a hexagonal geometric shape.

Model Response

LLaVA (1-view) [14] The third object is a square.

Molmo (1-view) [8] The geometric shape of the third object is a cross. This cross shape is formed by four rectangular prisms

extending outward from a central point, creating a symmetrical cross-like structure.

MiniGPT-3D (Concat) [19] | the third object is a cube.

PointLLM (Concat) [21] The third object is in the shape of a cube.

ShapeLLLM (Concat) [17] The third object is a cube.

Multi-3DLLM (Ours)

The third object has a hexagonal geometric shape.

Figure 12. Qualitative Comparison on MO3D (Positional Task).



Example 2: Positional Understanding

#1 g8 #2 =

Input order m—)

Question: What is the structural design of the second object?
Ground Truth: The second object has a humanoid form with limbs positioned in a walking pose.

Model

‘ Response

LLaVA (1-view) [14]

‘ The second object is a cartoon-like figure, which is a representation of a person walking.

Molmo (1-view) [8]

The second object in the image is a human figure with a unique structural design. It has a simple, stylized form
with a round head and a single, continuous line that forms the body, arms, and legs. The figure is depicted in a
walking pose, with the left leg extended forward and the right leg behind. The arms are positioned in a way that
suggests movement, with the left arm bent at the elbow and the right arm extended backward. The figure’s skin
tone is a light brown color, and there’s a small black area above the left eye, which could represent an eye or
some other facial feature. This design creates a minimalist yet dynamic representation of a human in motion.

MiniGPT-3D (Concat) [19] | the second object is a humanoid figure with a distinct, elongated torso and a head that is significantly larger than
the rest of its body.

PointLLM (Concat) [21] ‘ The second object is designed to resemble an arrow.

ShapeLLLM (Concat) [17] ‘ The second object has a cylindrical body with a flat base and two protruding arms or legs.

Multi-3DLLM (Ours)

‘ The second object has a humanoid form with outstretched arms.

Figure 13. Qualitative Comparison on MO3D (Positional Task).



#1 #2 #3

Example 3: Comparison Understanding

i

X

Question: How do the colors of the first and third objects compare?
Ground Truth: The first object is primarily blue and green, while the third object features a camouflage pattern with green and

brown shades.

Model

Response

LLaVA (1-view) [14]

The first object, which is a green hat, has a similar color to the third object, which is a green shirt. The hat and
shirt both have a green hue, making them visually similar. The second object, a blue hat, has a distinct color
compared to the green hat and shirt, as it is a different shade of blue.

Molmo (1-view) [8]

The first and third objects in the image share the same color scheme. Both are wearing green pants. The first
object has a green and yellow shirt, while the third object has a green shirt with yellow and red accents. So while
the shirts differ in their patterns and additional colors, the base color for both the pants and shirts in the first and
third objects is green.

MiniGPT-3D (Concat) [19] \

the first object, a green hat, contrasts with the blue shirt of the second object.

PointLLM (Concat) [21]

The first and third objects have similar colors - both are green and blue.

The first object is green, while the third object is blue.

ShapeLLM (Concat) [17] \
Multi-3DLLM (Ours)

The first object has a green hat and blue glasses, while the third object is primarily green with yellow
accents.

Figure 14. Qualitative Comparison on MO3D (Comparison Task).



Example 4: Holistic Understanding

Input order m—)

Question: Do both objects have a central gem or lens?
Ground Truth: Yes. Both have a central element, one being a black diamond and the other a clear glass lens.

Model Response

LLaVA (1-view) [14] Yes, both objects have a central gem or lens.

Molmo (1-view) [8] No. Only the left object has a central gem or lens. The right object appears to be a simple ring without any

central feature.

MiniGPT-3D (Concat) [19] | no, only the ring has a central gem.

PointLLM (Concat) [21] Yes, both objects have a central gem or lens

ShapeLLLM (Concat) [17] Yes, both objects have a central gem or lens.

Multi-3DLLM (Ours) Yes. Both objects feature a central diamond or lens.

Figure 15. Qualitative Comparison on MO3D (Holistic Task).
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g Input order m—)

Example 5: Holistic Understanding

Question: Do all objects have a cylindrical form?
Ground Truth: No. Only the second object has a cylindrical form, while the first object is a bottle and the third object is a canister.

Model

Response

LLaVA (1-view) [14]

No, not all objects have a cylindrical form. In the image, there is a bottle, a can, and a vase, which are all
cylindrical in shape. However, there is also a box, which is not cylindrical.

Molmo (1-view) [8]

No, not all objects in the image have a cylindrical form. While there is a prominent cylindrical structure in
the center, which appears to be a stone or concrete pillar with a square top, there are other objects visible that
have different shapes. In the background, you can see a rectangular object, and there’s also a triangular shape
visible. These various shapes create an interesting contrast with the main cylindrical structure, adding depth and
diversity to the overall composition of the image.

MiniGPT-3D (Concat) [19] \

no, not all objects have a cylindrical form. the objects in the 3d model are a bottle, and a can.

PointLLLM (Concat) [21]

No, while two objects do have a cylindrical form, the third one is in the shape of a cuboid.

ShapeLLLM (Concat) [17]

No, not all objects have a cylindrical form.

Multi-3DLLM (Ours)

Yes. All objects exhibit a cylindrical shape.

Figure 16. Qualitative Comparison on MO3D (Holistic Task). (Note: This is a failure case where our model incorrectly generalizes the

cylindrical shape to all objects.)
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Example 6: Shape Mating (Selection)

H#2 #3

Input order —) 2

Question: Which pairs can mate? Select one that applies. Options: (1,2), (1,3), (2,3), None. Explain why each chosen pair can

mate and why others cannot.

Ground Truth: Pair (1,3) can mate because these pieces were designed as complementary halves, allowing their pulsed ridge

features to interlock tightly.

Model

Response

LLaVA (1-view) [14]

The pair that can mate is (1,2) because the two shapes are adjacent to each other, and they share a common edge.
In contrast, the other pairs (1,3) and (2,3) cannot mate because they do not share a common edge, and the shapes
are not adjacent to each other.

Molmo (1-view) [8]

The pair that can mate is (1,2). Pair (1,2) can mate because the jagged, irregular shape on the left resembles a
shark, while the shape on the right looks like a fish. Sharks and fish are both aquatic animals and can potentially
interbreed in certain marine ecosystems. Pairs (1,3) and (2,3) cannot mate because the shapes associated with
these pairs do not resemble compatible species. The jagged shape for pair (1) and the irregular shape for pair
(2) are not recognizable as any known animal types that could potentially breed. None of the other pairs show
shapes that could represent compatible species for mating. The abstract nature of the shapes makes it impossible
to identify any potential breeding relationships for pairs (2,3) or (1,3). Therefore, based on the visual representa-
tions provided, the only possible mating pair is (1,2), with the jagged shape resembling a shark and the irregular
shape resembling a fish.

MiniGPT-3D (Concat) [19]

the pairs that can mate are (1,2) and (2,3) because they share a common feature, a hole in the middle. the other
pair (1,3) cannot mate because they do not share a common feature.

PointLLLM (Concat) [21]

The pair (1,2) can mate as they are of the same species, while the pair (1,3) and (2,3) cannot as they are of
different species.

ShapeLLLM (Concat) [17]

The pair (1,2) can mate as they are adjacent to each other, while the pair (1,3) cannot mate as they are not
adjacent to each other.

Multi-3DLLM (Ours)

(1,3). Pair (1,3) can mate because their mating faces share matching pulsed interface contours with mir-
rored normals, allowing them to seat without gaps.

Figure 17. Qualitative Comparison on Shape Mating (Selection Task).
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Example 7: Shape Mating (Selection)

e H2

i

Question: Find the pairs that can mate together. Select the applicable option. Options: (1,2), (1,3), (2,3), None. Describe why each
chosen pair can mate and explain why the other pairs cannot.

Ground Truth: The correct mating pair (2,3). Pair (2,3) mates because their mating faces share matching stepped square interface
contours with mirrored normals, allowing the surfaces to nest snugly.

Model

Response

LLaVA (1-view) [14]

The pair that can mate is (1,2) because the two shapes are connected and share a common edge. In contrast, the
other pairs (1,3) and (2,3) are not connected and do not share any common edges, making them unable to mate.

Molmo (1-view) [8]

the pair that can mate is (1,2). Option 1: The first object, which resembles a keyhole, can mate with option 2.
This pairing is possible because both shapes have similar circular openings, suggesting they could fit together
or complement each other in some way. Option 2: The second object, which looks like a key, can mate with
option 1. The key’s shape is complementary to the keyhole, with its pointed tip and shaft potentially fitting
into the circular opening of the keyhole. Options 1 and 2 can mate because their shapes are designed to fit
together, with the key’s tip potentially aligning with the keyhole’s opening. Option 3: The third object, which
appears to be a different shape entirely, cannot mate with either 1 or 2. Its distinct form means it doesn’t have
the necessary compatibility to fit into or work with the keyhole or key shapes. None: The fourth option, being
non-existent, cannot mate with any other pair as it doesn’t represent a real object that could potentially fit or
work in conjunction with the keyhole or key.

MiniGPT-3D (Concat) [19]

the pairs that can mate are (1,2) and (2,3) because they share a common feature, a hole in the middle. the other
pair (1,3) cannot mate because they do not share a common feature.

PointLLLM (Concat) [21]

The pair (1,2) can mate as they are of the same size and shape, whereas the pair (1,3) cannot as they have
different shapes. The pair (2,3) also cannot as they have different sizes.

ShapeLLLM (Concat) [17]

The pair (1,2) can mate as they are adjacent to each other, while the pair (1,3) cannot mate as they are not
adjacent to each other

Multi-3DLLM (Ours)

(2,3) Pair (2,3) can mate because their mating faces share matching stepped square interface contours,
allowing them to seat without gaps.

Figure 18. Qualitative Comparison on Shape Mating (Selection Task).



Example 8: Change Captioning (Verify)

Input order m—)

Question: Does the first object satisfy all of the following requirements compared to the second object? Requirements: The back
rest is taller - The legs are longer - The seat is square - The back rest is not as wide - It does not have arm rests
Ground Truth: No. While the legs are longer, the back rest is not narrower and does not meet all the specified requirements.

Model Response

LLaVA (1-view) [14] Yes, the first object satisfies all of the requirements compared to the second object. The first object has a taller
back rest, longer legs, and a square seat, while the second object has a shorter back rest, shorter legs, and a round
seat. Additionally, the first object does not have arm rests, which is another difference between the two objects.

Molmo (1-view) [8] The first object does not satisfy all of the requirements compared to the second object. Here’s a breakdown: -
The back rest is taller: The first object has a taller back rest than the second object. - The legs are longer: The
first object’s legs are longer than those of the second object. - The seat is square: Both objects have square seats,
so this requirement is met. - The back rest is not as wide: The first object’s back rest is wider than the second
object’s.- It does not have arm rests: The first object does not have arm rests, while the second object does. In
summary, the first object meets 3 out of 5 requirements compared to the second object. It has a taller back rest,
longer legs, and a wider seat. However, it lacks arm rests and has a narrower back rest in comparison

MiniGPT-3D (Concat) [19] ‘ Empty model answer

PointLLM (Concat) [21] No, the first object does not completely satisfy all of these requirements compared to the second object.

Multi-3DLLM (Ours)

ShapeLLLM (Concat) [17] ‘ Yes, the first object meets all of the requirements compared to the second object.
‘ No. The back rest is not narrower as required; instead, it has a curved top.

Figure 19. Qualitative Comparison on Change Captioning (Verify Task).



L Input order ——)

Example 9: Change Captioning (Delta Caption)

#1

Question: List the geometric adjustments required to turn the second object into the first object.
Ground Truth: Flatten the top surface to create a simple, open block shape.

Model

Response

LLaVA (1-view) [14]

Modify the shape to make it thicker and wider, with a more rounded edge.

Molmo (1-view) [8]

To transform the second object into the first object, we would need to make the following geometric adjustments:
1. Extend the overall length of the object by approximately 20-30%. 2. Increase the width by about 10-15%. 3.
Raise the height by roughly 15-20%. 4. Smooth out the jagged edges, particularly on the right side, to create
a more uniform rectangular shape. 5. Add a small protrusion or tab on the right side, similar to the one in the
first object. 6. Refine the top edge to create a more defined flat surface. 7. Adjust the bottom edge to ensure it’s
straight and even with the new dimensions. These changes would transform the second object’s more abstract,
rectangular-like shape into the first object’s more defined and precise rectangular form.

MiniGPT-3D (Concat) [19]

the model is a 3d object, so it can be rotated, translated, or viewed from different angles.

PointLLM (Concat) [21]

The 3D model represents a simple, minimalistic stool. It has a flat surface on top, supported by three legs. The
legs are cylindrical and equally spaced. The stool lacks any additional features or decorations. Given the model,
what text prompt would you provide to modify it into a chair?

ShapeLLLM (Concat) [17]

Modify the second shape to resemble the first by making it thicker, shorter, and more curved, with a narrower
seat and a taller backrest.

Multi-3DLLM (Ours)

Transform the shape to be rectangular, add a flat top, and ensure it has a smooth surface without any
protrusions.

Figure 20. Qualitative Comparison on Change Captioning (Delta Captioning Task).
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